ABSTRACT: Backgro und: Microelectrode recordings along preplanned trajectories are often used for accurate definition of the subthalamic nucleus (STN) borders during deep brain stimulation (DBS) surgery for Parkinson's disease. Usually, the demarcation of the STN borders is performed manually by a neurophysiologist. The exact detection of the borders is difficult, especially detecting the transition between the STN and the substantia nigra pars reticulata. Consequently, demarcation may be inaccurate, leading to suboptimal location of the DBS lead and inadequate clinical outcomes. Methods: We present machine-learning classification procedures that use microelectrode recording power spectra and allow for real-time, high-accuracy discrimination between the STN and substantia nigra pars reticulata. Results: A support vector machine procedure was tested on microelectrode recordings from 58 trajectories that included both STN and substantia nigra pars reticulata that achieved a 97.6% consistency with human expert classification (evaluated by 10-fold crossvalidation). We used the same data set as a training set to find the optimal parameters for a hidden Markov model using both microelectrode recording features and trajectory history to enable real-time classification of the ventral STN border (STN exit). Seventy-three additional trajectories were used to test the reliability of the learned statistical model in identifying the exit from the STN. The hidden Markov model procedure identified the STN exit with an error of 0.04 6 0.18 mm and detection reliability (error < 1 mm) of 94%.
Surgical treatment for advanced Parkinson's disease (PD) includes high-frequency deep brain stimulation (DBS) of the subthalamic nucleus (STN), which has proved to be surgically safe and beneficial over time. [1] [2] [3] [4] In some patients, mood disorders such as depression 5 or manic symptoms [6] [7] [8] [9] [10] [11] may be observed after stimulation as a result of suboptimally placed DBS leads. By contrast, the combined stimulation of the substantia nigra pars reticulata (SNr) and STN may improve freezing of gait in patients with advanced PD.
Microelectrode recordings (MERs) along preplanned trajectories are often used for improved delineation of the location of the STN during DBS surgery for Parkinson's disease. The detection of the dorsolateral region of the STN is based on clear-cut changes in electrical activity in the form of a sharp rise in the total power of the MER (as measured by the root mean square [RMS] ), 12 the tremor frequency, and the boscillatory activity (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) . 13 In contrast, several factors can make electrophysiological determination of the ventral STN border more difficult, in particular, an uninterrupted STN-SNr transition, because in this case there is no drop in activity (or RMS). In addition, the cells in the STN ventral domain have firing characteristics (reduced b-band and tremor-frequency oscillations) resembling SNr cells. [14] [15] [16] [17] [18] Finally, electrophysiological determination of the STN exit can be challenging because white matter gaps in the STN may lead to erroneous early detection of STN exit. 12 Therefore, the electrophysiological determination of the STN ventral border can be ambiguous and occasionally difficult to define.
Although recent imaging studies have been able to improve the differentiation between the STN and the SNr, 19 electrophysiology is still necessary to identify and verify the STN-SNr transition intraoperatively. To facilitate detection of the transition, this article describes a new automatic, reliable procedure for locating the STN exit. Earlier automatic methods that use RMS values 12, [20] [21] [22] [23] were successful in identifying STN-white matter (STN-WM) transitions, but were not as good for the direct STN-SNr transition. To improve the STN-SNr transition and STN lower border detection, we developed a computational analysis procedure that capitalizes on several features from the power spectra of the MER and allows for high accuracy discrimination between the STN and the SNr.
Patients and Methods

Patients and Surgery
MERs were analyzed from 131 microelectrode trajectories that passed through both the STN and the SNr of 81 Parkinson's disease patients undergoing bilateral STN DBS implantation. The patients' demography and clinical state were as follows: mean age, 62.1 years; mean disease duration, 10.3 years; 36% female, mean Unified Parkinson's Disease Rating Scale -part III (UPDRS III) score OFF/ON therapy before surgery, 51.1/19.4; and mean levodopa equivalent dosage before surgery, 849.6 mg/day. Patient demographic information appears in Supporting Information Table S4 . This study was authorized and approved by the Institutional Review Board of Hadassah Hospital in accordance with the Helsinki Declaration (reference code HMO-0064-12). All patients were awake during surgery. Further details on the surgical procedure and data acquisition can be found in our previous reports.
12,23
Microelectrode Recordings
For both the left and right hemispheres, 1 or 2 parallel microelectrodes were inserted, and the recording started 10 mm above the calculated target. Our trajectories followed a double-oblique approach toward the dorsolateral STN target. In most cases, 2 microelectrodes were used (Fig. 1A) . A "central" electrode was directed at the center of the dorsolateral STN target (as per imaging) and often traversed the STN and entered the SNr without passing through the white matter. An "anterior" electrode was advanced 2 mm anterior to the central electrode (in the parasagittal plane) and therefore crossed the STN-SNr area in a more ventral plane. In contrast to the central electrode, the anterior electrode often passed through the white matter before it entered the SNr. Analysis was not based on continuous recordings during the entire advance toward the dorsolateral STN target, but rather on segments of data recorded at specific points (without electrode movement; Fig. 1B ). Segments of data were recorded for at least 4 seconds after 0.5 seconds of lowering the electrode. Further details on the microelectrode recordings and the intervals of the depths are presented as Supporting Information.
Neural Data Sets
We divided our neuronal database into 2 parts. The training data set was composed of 58 trajectories (obtained from 30 PD patients) containing 2678 stable MERs recorded in the white matter before the STN, STN dorsolateral oscillatory region (DLOR), STN ventromedial nonoscillatory region (VMNR), and white matter after STN and SNr. A subset of this data set, containing 1720 MERs from the dorsal and ventral STN as well as the SNr, was used for the support vector machine (SVM) procedure. The training data set of 58 trajectories was also used to find the optimal parameters for the hidden Markov model (HMM). Seventy-three additional trajectories recorded from 51 other patients, and yielding 4526 stable MERs (test data set), were used solely to test the robustness of the HMM detection.
Root Mean Square
The RMS estimate was calculated from the multiunit activity recorded by the microelectrode at each electrode depth. RMS values are susceptible to electrode properties (eg, electrode impedance) 12 ; hence, the RMS was normalized by the pre-STN (white matter) baseline RMS, 12, 23 creating what we term the normalized RMS (NRMS).
Power Spectral Density (PSD)
Visual inspection of the average STN and SNr power spectra revealed significant differences in the 5-300 Hz domain. To identify the frequency band that contained the largest difference between the STN and the SNr, we divided the 5-300 Hz range of the power spectra into 10 approximately logarithmically spaced bands. For each band, we calculated the mean power for each MER and then evaluated the difference in the mean power between the STN and the SNr. Using this method, we identified which frequency bands had the largest difference between the STN and the SNr. Additional details are presented in the Supporting Information.
SVM Discrimination of STN and SNr MERs
In machine learning, SVMs are supervised learning models that are specifically designed to solve a classification problem off-line, after all the data have been collected. For our SVM analysis, measurements in both time and frequency domains (based on the NRMS and power spectra of the MERs) were used as features for the SVM classification. The classification procedure used the NRMS and the "100-150 Hz/5-25 Hz power ratio" features, as well as their class label (STN or SNr) for each of the 1720 MERs in the training data set. The performance of the SVM classifier was evaluated by 10-fold cross-validation. Additional details are presented in the supporting information.
The SVM requires labeling the MERs of each region, which is not amenable to real-time use. Here we used the SVM to identify which features had the most information in terms of discriminating regions. However, once the optimal features had been selected, the SVM was no longer needed or used.
The Hidden Markov Model
The HMM takes the set of features extracted from the raw data as input and provides the output clustering in real time. In previous reports, 23, 24 the HMM procedure was used to discriminate the STN from the white matter. This study goes beyond these previous works by designing a HMM procedure with improved ability to detect the STN exit by delineating the borders between STN and SNr (even for cases without a WM gap between the STN and the SNr). Details on the HMM are provided in the supporting information.
All statistical analyses were performed using custom-made MATLAB 7.5 routines (Mathworks, Natick, MA). The statistics presented in this report, if not specified otherwise, are the mean 6 standard error of the mean; the criterion for statistical significance was set at P < 0.05 for all statistical tests. The NRMS values calculated from the MERs were very effective in detecting the STN border with the white matter. As presented in the 3 examples in Figure 2A (top) , the STN-entry and STN-exit borders appear as a sharp increase and decrease in the NRMS, respectively. 12, 23 In these "easy" cases the electrode traversed the STN and entered the SNr after passing through the white matter. The power spectra of these SNr ( Fig. 2A, bottom) depict a unique signature: blue vertical lines indicating a reduction in relative power at lower frequencies. However, some trajectories lacked a clearly defined 
, WM). (B)
The same as in A, but for the STN-SNr transition. The power spectral density color-scale represents 10 log 10 (power spectral density / average power spectral density). The arrow on each trajectory points to the transition between the STN and the SNr (determined by an expert neuorophysiologist). EDT 5estimated distance to target (defined as the dorsolateral STN target according to preoperative imaging). Fig. 2B ). These are the "hard" cases in which there is no clear transient reduction in the NRMS (NRMS gap), most probably because the electrode traversed the STN and entered the SNr without passing through the white matter after the STN. Although the SNr cannot be identified by the NRMS in these cases, the SNr was identified by the electrophysiologist and can be seen in the power spectra (Fig. 2B, bottom) , as depicted by the vertical blue lines. These examples suggest that power spectra characteristics can be used to assist in detection of the STN exit, especially for cases without an STN-WM transition and NRMS gap.
To evaluate the ability of the NRMS to distinguish the STN from the SNr, we calculated the distribution of their NRMS values. Figure 3A 
that there is no clear separation between the STN and the SNr using NRMS. In contrast, Figure 3B , illustrating the mean PSD of the STN and SNr recordings, suggests that features from the PSD could be used to discriminate the STN from the SNr. In line with the characteristic signature of the STN and SNr in the spectrograms (Fig. 2) , the average PSDs of the 2 STN domains and the SNr revealed different nonoverlapping features. The mean SNr PSD (Fig. 3B , green trace) presented decreased activity in the 5-to 25-Hz band compared with the mean PSD of the STN DLOR and VMNR (Fig. 3B , red and blue traces). In addition, the mean PSD in the SNr displayed increased activity in the 85-to 300-Hz band (Fig. 3B, green trace) .
To determine quantitatively which part of the power spectra enables the best discrimination of the STN from the SNr, we examined 10 (approximately logarithmically distributed) bands along the frequency axis in the power spectra. The mean power in 2 frequency bands -high frequency (100-150 Hz) and low frequency (5-25 Hz) -provided the greatest discrimination between the STN and the SNr (discrimination matrix of 10 bands presented in Supporting Information Table S1 ). We therefore calculated the ratio of the power of these 2 frequency bands and termed this new feature the 100-150 Hz/5-25 Hz power ratio. 
Support Vector Machine Analysis Confirms the Utility of the Power Ratio for STN-SNr Discrimination
An SVM classifier was used to examine the ability of the 100-150 Hz/5-25 Hz power ratio to provide robust discrimination between the SNr and the STN. Figure 4 shows the result of an SVM classifier that was trained and tested on 155 randomly selected samples from the STN and all 155 samples from the SNr. A linear-kernel decision boundary was used to classify the training set as SNr (hollow square; green) or STN (hollow triangle; blue), and then new data points were classified as SNr (solid square; green) or STN (solid triangle; blue). Yellow circles represent the support vectors defining the decision boundary between the STN and SNr samples. Figure 4 further demonstrates the absence of correlation between NRMS and the 100-150 Hz/5-25 Hz power ratio. Both these characteristics reinforce the utility of the power ratio feature as an additional attribute for classifying MERs. The discrimination performance of the SVM classifier for the entire training data set using 2 features, NRMS and 100-150 Hz/5-25 Hz power ratio, was evaluated by 10-fold cross-validation and is presented as an error matrix in Supporting Information Table S2 . The overall classification accuracy rate was 97.6%.
Hidden Markov Model Analysis Enables Reliable Detection of STN Exit
The hidden Markov model (HMM) procedure uses MER features and trajectory history to enable realtime decisions about electrode placement. The use of trajectory history in addition to the MER features enables the HMM procedure to "neglect" recording glitches that a classification method (eg, SVM) would classify incorrectly. Our previous HMM procedures 23 did not include the SNr as a possible state and did not use the high frequencies (100-150 Hz) of the power spectrum. Here we extended the HMM procedure to discriminate between the STN and SNr using the 100-150 Hz/5-25 Hz power ratio and NRMS features, together with the depth of the trajectory (ie, estimated distance to the target). The distribution of STN-exit borders was evaluated and revealed that 77 of 131 trajectories (59%) had STN-WM transitions and that 54 of 131 trajectories (41%) had STN-SNr transitions. 
D E T E C T I O N O F S T N E X I T D U R I N G D B S S U R G E R Y
determined by the real-time HMM analysis). This indicates that the STN ventral border has been reached, followed by either the SNr or white matter. The 3 example trajectories illustrate the direct transition from the STN to the SNr. The red line in the top panel illustrates the direct STN-SNr transition defined by the real-time HMM analysis. It takes 99 milliseconds in real time to process a new trajectory and determine whether it is STN or not, as illustrated by the HMM running time in Figure 5 . The time to analyze each subsequent MER is less than a millisecond per MER, making this a practical method for use during DBS surgery. For each of the 58 trajectories in the training data set, the HMM parameters (transition and emission matrices) were estimated from the other 57 trajectories (leave-one-out cross-validation). The resulting mean (of all 58 trajectories) HMM transition and emission matrices are presented in Supporting Information Table S3 . The performance of the HMM was assessed with 2 measures. The first is the mean OUT location error. It is defined as the difference between the location (Human Expert's Classification), which is the location of the transition defined by the neurophysiologist, and location(HMM), which is the HMM inferred location of the transition, both measured in millimeters of estimated distance to the target. The second measure is the OUT transition error, which is defined as an OUT location error greater than 1 mm. Hits were the number of correctly detected OUT transitions. Misses were the number of OUT transitions (according to the human expert's decision) that the HMM procedure did not detect.
The OUT location error for both STN-SNr and STN-WM demonstrated better mean and standard deviation than that found by previous methods. 12, 23 The performance of the OUT location error on the training data set had an error of 0.1 6 0.34 mm (mean 6 standard deviation), with 2 misses of 58 trajectories (97% hits).
The HMM procedure has to deal with a heterogeneous variation of trajectories, as some transitions are from VMNR STN to SNr and others from white matter before STN to SNr. Because an automatic detection algorithm that can be used in the operating room needs to function on novel data without being continually adjusted, it is important to demonstrate that the HMM procedure can work with completely novel data. Therefore, 73 other trajectories (from 51 patients, all trajectories included both the STN and SNr) were evaluated by the HMM procedure. The HMM procedure identified the STN exit with an error of 0.04 6 0.18 mm. Using the 1-mm threshold, the OUT transition error of the novel data set committed 4 misses of 73 trajectories (94% hits), which is better than that found when applying the previous HMM procedure 23 and Bayesian method 12 (12 misses of 73 trajectories, 83% hits, and error 5 0.50 6 0.59 mm, respectively). The performance of the new HMM procedure was shown to be robust to the specified threshold because threshold values of 0.5 and 0.15 mm produced similar quantitative results (4 and 7 misses of 73 trajectories, respectively).
Discussion
We described a computational machine-learning procedure with a new feature, namely, the ratio of high-frequency (100-150 Hz) power to low-frequency (5-25 Hz) power, which enables high accuracy discrimination of the STN from the SNr. We used an SVM procedure to verify that the 100-150 Hz/5-25 Hz power ratio is a reliable feature for discriminating the STN and SNr populations. Then, we utilized an HMM procedure using the MER features together with the trajectory history to detect the STN exit either to the white matter or SNr.
The MERs along preplanned trajectories are commonly used to confirm the STN territory during DBS surgery for Parkinson's disease; however, there is a lack of consensus on whether the MER allows for reliable separation between the STN exit point and the SNr entry point. Across the ventral region of the STN, there are fewer kinesthetic neurons, 22 and the STN VMNR neurons are characterized by consistently reduced b-band and increased gamma (30-100 Hz) activity. 13 Similarly, the discharge pattern of the neurons in the SNr (below the STN target) lacks the bband and tremor-frequency oscillations, but has increased gamma activity. [14] [15] [16] [17] [18] In addition, islands of cells have been observed with firing characteristics of both SNr and STN cells. 22 Therefore, the electrophysiological determination of the transition from the STN to the SNr is ambiguous and difficult to evaluate.
Several studies have developed automatic detection and visualization not only for the STN, but also for the SNr based on objective and quantitative MER features. 12, 20, 22, [25] [26] [27] Some of these studies have used features that require spike detection algorithms to identify the firing pattern. [25] [26] [27] Although these features may aid in detecting the STN ventral border near the SNr, it is still computationally challenging to calculate neuronal spike characteristics in a real-time intraoperative scenario. 12 Moreover, the ideal isolation of single units requires 5-to 10-mm steps of electrodes and is very time consuming. In contrast, NRMS values that are based on unsorted multiunit activity are easy to measure. The STN entry and STN exit often manifest as a sharp increase and decrease in the NRMS, respectively. 12, 23 Some studies have used the NRMS together with spectral features of the analog signal, which are computationally efficient to calculate. 20, 22, 27 However, these spectral features do not lead to reliable or robust identification of the transition between the STN and the SNr. Here, we divided the 5-to 300-Hz range power spectra into frequency bands. This division allowed us to determine which frequency bands contained the largest difference between the STN and the SNr and to accurately detect the STN ventral border.
When implementing the NRMS and features from the power spectra, there are several ways to differentiate the STN from the SNr using automatic detection methods. Some studies have proposed rule-based detection methods 22, 27 ; however, they are unable to detect the direct STN-SNr transitions. For example, despite that Cagnan et al 27 used the power spectra of tremor and the alpha band (3-12 Hz), beta band (13-30 Hz), and
gamma band (31-100 Hz) as features, their algorithm still required a white matter gap in the trajectory between the STN and the SNr to detect the SNr. Furthermore, rule-based detection systems tend to be overly complex and may not generalize to other surgical centers. Other studies 12, 23, 25 have used machine-learning techniques to automatically extract the "rules" or decision boundaries to discriminate between the STN and the SNr. These machine-learning procedures are either unsupervised and involve extracting patterns using unlabeled training data (that still require labeling of the output) 25 or supervised, which require the labeling of the electrophysiological signals used for training. 12, 23 For example, Wong et al 25 used a clustering algorithm (unsupervised machine learning) that returns a prespecified number of clusters, but then requires the human observer to label the clusters. The main drawback of these techniques is that they do not take the previous location of the MERs into account when determining the electrode's current location. A supervised technique that uses the electrode's location is HMM. For example, Zaidel et al 23 combined the power spectra of b-band features and NRMS to locate the STN and its subterritories. The 2 advantages of the HMM procedure are the short recording time needed for location analysis and low computational cost. Our approach goes beyond this previous work by delineating the borders between STN and SNr which thus enables intraoperative application with greater accuracy.
Accurate discrimination between the STN and the SNr is of crucial importance for achieving optimal therapeutic benefits while avoiding psychiatric complications for PD DBS procedures. The beneficial effects of bilateral STN DBS on motor symptoms and quality of life have been repeatedly confirmed in patients with advanced PD 28 ; however, psychiatric complications induced by STN DBS have also been reported. 29, 30 In some patients with PD with impulse control disorders, their abnormal behavior may be provoked by stimulation with a ventral contact of the DBS lead and suppressed by switching off this contact. [6] [7] [8] [9] It also has been reported that manic 31, 32 and depressive 5 symptoms are induced by stimulation of active contacts located in the SNr. On the other hand, the SNr is thought to be particularly involved in balance control during gait. 33 The combined stimulation of the SNr and the STN has been reported to improve axial symptoms (including freezing of gait, balance, and posture) compared with standard STN stimulation. 10, 11 In summary, automatic and reliable localization of the direct STNSNr transition and STN lower-border detection could lead to improved localization of DBS leads and better DBS clinical outcomes. It takes 99 milliseconds in real time to process a new trajectory and decide whether it is STN or not, making this a practical method for use during DBS surgery. This analysis tool can be easily learned and employed in the DBS operating room. Future studies might incorporate MER data from multiple centers to test the applicability of these algorithms for automatic navigation in DBS surgery.
